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Abstract Cyclic loading-induced pore water pressure and degradation in the stiffness and strength of
saturated soils are most important in dynamic stability analyses of soil structures, because they highly
influence the behavior of soils. Conducting laboratory tests for the study behavior of soils is time-
consuming, requires huge effort, and is usually expensive. Thereby, the prediction of soil behavior
using analytical models can be utilized in the feasibility studies of projects, early decisions in the field,
parametric analytical evaluations, etc. Therefore, some efforts have been made to model the excess
pore water pressure and degradation characteristics of sandy and clayey soils due to cyclic loading;
however, mixed clayey soils have not been examined in detail. This article offer regression analysis-
based models to determine the cyclic loading-induced pore water pressure and degradation index of
mixed clayey soils using laboratory tests data. The major parameters of the models are the number of
loading cycles, cyclic strain amplitude, granular material content, and effective confining pressure. To
establish functional relationships between variables, some linear and nonlinear regression tools are used.
Residual analyses of the models illustrate that they are superior in establishing meaningful correlations
and can be employed effectively, in practice, in the range of parameters used in conducting laboratory
tests.
© 2012 Sharif University of Technology. Production and hosting by Elsevier B.V.
Open access under CC BY-NC-ND license.1. Introduction
The strength and stiffness of soil degrade when they are
subjected to earthquake or wave loads and also pore water
pressure, raised as a result of loading. Also, values of excess
pore water pressure and degradation in stiffness and strength
are important features in geotechnical, geoenvironmental, and
coastal engineering problems, such as the stability of earthfill
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doi:10.1016/j.scient.2012.04.005dams, landfill liners, breakwaters, and the sinking or uplifting
of pipelines.
On the other hand, mixtures of clay and granular materials
(so called, mixed clayey soils) are occasionally used in civil
engineering projects as construction materials. For example,
they can be used in the core of earthfill dams, landfill liners
or are encountered with mixed soils in the foundation of
structures, naturally, in the formof alluvial deposits and tills [1].
To recognize the cyclic behavior of mixed clayey soils, a
number of experimental studies have conducted for evaluat-
ing [2–7]. The pore water pressure and degradation behavior
of soils is usually determined using dynamic tests, commonly
performed as cyclic triaxial tests. For the most part, it is neces-
sary to carry out laboratory tests for determining cyclic loading-
induced pore water pressure (∆ucy) and the degradation index
(δ) over a range of confining pressures, cyclic strain, and the
percentage of granular material in the mixture. Although direct
results of tests conducted to identify these characteristics may
evier B.V. Open access under CC BY-NC-ND license.
H. Soltani-Jigheh et al. / Scientia Iranica, Transactions A: Civil Engineering 19 (2012) 346–354 347Nomenclature
AAE Average of Absolute Error
Ave. Err. Average error
a, b, c, d, e fitting constants of models
Gs specific gravity
EC1, ECN secant deformation modulus at cycles 1 and N ,
respectively.
eis standardized residuals
LL Liquid Limit
n number of data set
PI plasticity index
R correlation coefficient
RAAE Relative Average of Absolute Error
RAAE/n 1n
 yi−yˆiyi 
SSE Sum Square Error
S.D Standard Deviation
ei difference of measured and predicted values of
dependent variable
y = f (x1, x2, . . . , xi) function of x1, x2, . . . , xi indepen-
dent variables
y = g(x1, x2, . . . , xp) function of x1, x2, . . . , xp indepen-
dent variables
yi measured values of dependent variable
yˆi predicted values of dependent variable
α, β, η, λ fitting constants of linear model
wg granular material content
∆ucy cyclic loading-induced excess pore water pres-
sure
δ degradation index
εc cyclic axial strain
σ ′c effective consolidation pressure
σd deviatoric stress
σd1, σdN cyclic deviatoric stresses at cycles 1 and N ,
respectively
be accurate, conducting laboratory tests is time-consuming,
requires huge efforts, and is usually expensive. Therefore, an al-
ternative method to study the behavior of soils can be the uti-
lization of simple predictors. These methods, especially, can be
used effectively in feasibility studies of projects, early decision
making in the field, and parametric analytical evaluations, etc.
Imai and Xie [8] proposed an endochronic model for
the cyclic behavior of overconsolidated clays. Matasovic and
Vucetic [9] developed a model that expressed the cyclic
loading-induced pore water pressure of clays as a function of
the degradation index. Egglezos and Bouckovalas [10] offered
a very general correlation to predict earthquake-induced pore
water pressure in sand, clay, and silt. Lee and Sheu [11]
proposed modified stiffness degradation and damping ratio
evolution models to describe the cyclic behavior of normally
consolidated cohesive soils, based on the results of undrained
strain-controlled cyclic triaxial tests.
Thesemodels are rather complex and require a large number
of parameters. Efficient predictors must be based on the
most easily measurable parameters. One prediction method
is utilizing regression analysis to suggest correlations for the
modeling behavior of soils.
This paper introduces regression analysis-based correlations
to predict the cyclic loading-induced pore water pressure and
degradation index of compacted mixed clayey soils, based on
the results of undrained strain-controlled cyclic triaxial tests. ItFigure 1: Grain size distributions of used materials.
Table 1: Values of maximumdry density and void ratios for each specimen.
Specimen
type
γdmax
(kN/m3)
ωopt
(%)
ei ec
σ ′c = 200 kPa σ ′c = 350 kPa
T100 15.90 23.90 0.708 0.606 0.569
ST80 16.60 18.33 0.626 0.536 0.559
ST60 16.95 16.93 0.509 0.449 0.420
ST40 18.10 15.26 0.412 0.377 0.365
should be noted that the correlations are valid in the range of
parameters used in conducting laboratory tests.
2. Experimental study
Data used in the analyses are the results of cyclic triaxial
tests carried out by Soltani-Jigheh [6] on remolded soil
specimens including pure clay and clay-granular material
mixtures. The following paragraphs summarize the specimens’
preparation method and loading conditions.
Three types of clay-sand mixture and two types of clay-
gravel mixture were tested, as well as pure clay. The sand and
gravel of the mixtures comprised sub-rounded aggregates with
Gs = 2.64 and 2.56, respectively. Commercial Turkey Ball-clay,
with index properties of LL = 42%, PI = 19%, and Gs = 2.72,
categorized as CL, according to the Unified Soil Classification
System (USCS) [12], was used as the cohesive matrix of the
mixtures. Figure 1 shows gradations of clay, sand, and gravel.
The mixtures were prepared by mixing different volumetric
proportions of the clay and sand (or gravel), and named
ST80, ST60 (or GT60) and ST40 (or GT40), where S, G, and
T stand for sand, gravel, and clay, respectively. The numbers
denote the volumetric clay percentage, e.g. the specimen made
of pure clay, named T100.
The specimens were 7.1 cm in diameter and 15 cm in height
and were compacted in six equal layers with a water content
of 2% of wet of optimum and 98% of maximum dry density,
according to the standard compaction test ASTM D698 [13].
Maximum dry density, initial void ratio and void ratio after
consolidation for each specimen are listed in Table 1. Maximum
dry density is the basis of comparison for the mixtures.
Each specimen was mounted in the triaxial cell, and carbon
dioxide gas was then flushed through it from the bottom to
the top to displace entrapped air out of the specimen. Water
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was then allowed to flow through the specimen, and back-
pressures were applied until a saturation degree associated
with the B-value of 96% was achieved. After saturation of
the specimens, they were isotropically consolidated under
effective confining pressures (σ ′c) of 100, 200, and 350 kPa.
Then, two series of undrained shear tests were conducted:
Series I: conventional monotonic compression shearing, and
Series II: strain-controlled cyclic undrained loading, followedby
monotonic compression shearing. Almost all cyclic tests were
repeated with three cyclic axial strains (εc), with a frequency
of 0.1 Hz, until reaching the number of loading cycles of 50 as
ASTM D3999 [14].
3. Analysis program
3.1. Used data for analyses
Since the prediction of cyclic loading-induced pore water
pressure and degradation characteristics of mixed clayey soils
is of interest, only the results of cyclic tests are analyzed here.
The degradation index (δ) introduced by Idriss et al. [15] is
employed to quantify the degradation of shear strength and the
deformationmodulus. For a cyclic strain-controlled triaxial test,
with a given εc, δ is defined in Figure 2 as:
δ = ECN
EC1
= σdN · εc
σd1/εc
= σdN
σd1
, (1)Table 2: Statistical parameters of tested specimens.
N ∆ucy/σ ′c δ
Max 50 0.560 1.000
Min 1.00 0.000 0.214
Range 49.0 0.553 0.786
Average 23.0 0.222 0.632
Standard deviation 16.22 0.133 0.2063
Variance coefficient 0.71 0.600 0.3267
Skewness coefficient 0.18 0.510 −0.097
Kurtosis coefficient −1.30 −0.42 −0.583
where EC1 and ECN are the secant deformation modulus at
cycles, 1 and N , respectively, and similary, σd1 and σdN are the
maximum cyclic deviatoric stresses at these cycles. A lower
value of δ indicates a higher level of degradation.
Variations of the cyclic loading-induced porewater pressure
(∆ucy) and the degradation index (δ) versus the number of
loading cycles for tests with σ ′c = 350 kPa and εc = 1.0%
are, typically, presented in Figure 3. It is obvious that with an
increase in the number of loading cycles, ∆ucy increases and
δ decreases (i.e. degree of degradation increases). The same
variation trends were observed for other tests. More details
are available in Soltani-Jigheh [6] and Soroush and Soltani-
Jigheh [7].
In order to predict the values of ∆ucy and δ, it is necessary
to introduce some data for regression analyses. Therefore,
their values, corresponding to the number of loading cycles of
1, 3, 5, 10, 15, 20, 25, 30, 35, 40, 45 and 50, are introduced in
terms of εc = 0.5%, 1.0% and 1.5% for the tests with σ ′c =
200 kPa and 350 kPa. Only the results of tests on pure clay
and clay-sand mixtures are included in the analyses. Statistical
parameters of the tested specimens have been listed in Table 2.
3.2. Regression analysis
Regression Analysis (RA) is one of the most widely used
statistical tools employed for analyzing multifactor data.
It provides a conceptually simple method for investigating
functional relationships between variables. It may be broadly
utilized to develop relationships among variables, and provides
a simple method for establishing a functional relationship
between dependent and independent variables, such as y =
f (x1, x2, . . . , xi). In many problems, however, the selection of
dependent variables for the RA model is not predetermined
and, often, the first step of the analysis may be the selectionFigure 3: Variations of (a) pore water pressure, (b) degradation index of different specimens versus number of cycles for σ ′c = 350 kPa and εc = 1.0%.
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(c) ST60. (d) ST40.
Figure 4: Three-dimensional surface maps of∆ucy/σ ′c ,N , and εc for (a) T100, (b) ST80, (c) ST60, and (d) ST40.of these variables. Some techniques, such as stepwise, forward,
and backward selection procedures, can be used for this
purpose [16].
After selecting the p terms (among i terms) of variables,
which will be included in the equation y = g(x1, x2, . . . , xp)
and statistical evaluations, the form of function g and its
regression coefficient (R2), are determined. Therefore, at first,
it is assumed that in the range of measurements, function y =
g(x1, x2, . . . , xp) determines dependent variable in terms of
independent variables with an acceptable approximation, and
then, this assumption is checked by residual analysis.
To evaluate the competence of the fitted model in equation
y = g(x1, x2, . . . , xp) to themeasured data set, themost widely
used evaluation indices are correlation coefficient (R), Average
of Sum of Square Error (SSE/n), Average of Absolute Error
(AAE/n) and the distribution of standardized value of residuals
(eis). In the introduced indices, n is the number of the data set.
The entire constant coefficient is estimated by the method of
Least Square Errors, which involves minimizing the sum of the
square of the residuals set [16,17].
The above-mentioned methodology was used to define
the functional relationships for predicting the values of
cyclic loading-induced pore water pressure (∆ucy) and the
degradation index (δ) in terms of associated variables. Since
the values of ∆ucy and δ, obtained from the tests, are
dependent on the values of the number of loading cycles (N),
cyclic strain amplitude (εc), sand content (wg) and effective
confining pressure (σ ′c), then N, εc, wg , and σ ′c are selected as
independent variables, and∆ucy and δ are defined as a function
of these variables.4. Results of analyses
4.1. Prediction of normalized pore water pressure
For establishing a functional relationship between depen-
dent and independent variables, some linear and nonlinear
regression tools were used. About 1000 different simple
equations in the form of ∆ucy/σ ′c = g (N, εc, wg) were in-
vestigated and ranked by statistical indices. Stepwise linear
regression showed that ∆ucy/σ ′c has considerably good corre-
lation with N, wg and εc parameters.
Comparative evaluations, among the suggested relation-
ships, indicated that the following relationship has the best
competence of fitness with the measured data set for different
specimens:
∆ucy
σ ′c
= 0.01 ea+b ln N+ cεc . (2)
Therefore, this relationship, with values of R2 ≥ 0.87 for
all specimens, was selected to determine the cyclic loading-
induced pore water pressure. In this equation, the values of
a, b, and c parameters are determined from regression analyses
of each specimen. Inother words, they can be described as
functions ofwg as presented in Table 3.
Three-dimensional (3D) surface maps of ∆ucy/σ ′c,N and
εc , obtained from Eq. (2), are shown in Figure 4(a)–(d) for
T100, ST80, ST60 and ST40 specimens. The figures also include
measured values (the nodes at the end of bars) and error
bars. The length of bars represents the difference between
measured and predicted values. As seen from the figures,
there are nonlinear relationships among selected parameters.
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Specimen type wg a b c
T100 0 1.889 0.589 −0.840
ST80 20 1.890 0.529 −0.416
ST60 40 2.057 0.493 −0.310
ST40 60 2.500 0.440 −0.290
Table 4: Comparison of statistical parameters of suggested and linear
models.
Statistical index Eq. (2) Linear equation
SSE/n 11.49 29.72
AAE/n 2.59 4.4
R2 0.94 0.83
Standard Deviation 3.4 5.47
RAAE/n 16.10% 31.255 %
In all graphs, as expected, higher pore water pressures are
corresponded to the higher number of loading cycles and higher
cyclic strain values.
In order to compare with Eq. (2), also a fitted linear
relationship was defined as follows:
∆ucy = 0.01 σ ′c × [α + β N + ηwg + λ εc], (3)
where α, β, η and λ are regression parameters of the linear
model, with values of−9.925, 0.555, 0.28 and 11.304, respec-
tively.
To evaluate the suitability of Eq. (2), measured and predicted
values of ∆ucy/σ ′c are compared in Figure 5(a). It can be seen
that almost all data are in the vicinity of the symmetric line, and
they fall between±20% error lines. A similar graph for the linear
model has been illustrated in Figure 5(b). Less scattering of data
around the y = x line in Figure 5(a), and, also, data presented in
Table 4, clearly indicate that Eq. (2) can predict ∆ucy/σ ′c better
than the linear equation.
Another index to assess the suitability of the fitted equation
is the standardized residual (eis), defined as eis = (yi −
yˆi)/S.D. For themost suitable equations, themean and standard
deviation values of this index must be approximately equal to
zero and unity, respectively. In addition, if the data set is large
enough, eis should have an approximately independent normal
distribution. The scatter plot of residuals for the suggested
model (as shown in Figure 6) indicates that the values of eis
fall almost between (−2,+2) and randomly distribute around
zero. This figure shows that there is no distinct pattern at
the distribution of eis, and they do not change in a systematicFigure 6: Scatter plots of∆ucy/σ ′c suggested model.
way with predicted ∆ucy/σ ′c values. As a rule, the model is
acceptable when eis values fall between (−2,+2) and are
randomly distributed around zero, and residual plots do not
have a distinct pattern of variation.
The difference between measured and predicted values of
a dependent variable is defined as ei. Normal distribution of
ei values, as displayed in Figure 7(a), illustrates that ei has an
independently random quantity, with a mean value of about
zero and a constant variance.
Furthermore, for suitable models, the distribution of vari-
ables must match with a given distribution. For this purpose,
probability plots are drawn and, if the selected variablematches
the test distribution, the points cluster around a straight line.
Figure 7(b) shows normal probability plots of residuals at the
prediction of ∆ucy/σ ′c . These graphs and data, listed in Table 4,
clearly show that themodel specification is satisfactory and one
can proceed with the analysis.
4.2. Prediction of degradation index
The methodology used for determining ∆ucy was applied
to predict the values of the degradation index (δ), with the
difference that δ cannot be normalized to σ ′c . Stepwise analyses
showed that δ has more dependency on N, εc, wg , and σ ′c
parameters, respectively. Evaluation of the data set showed
that, in contrast to ∆ucy/σ ′c , no simple relationship between δ
H. Soltani-Jigheh et al. / Scientia Iranica, Transactions A: Civil Engineering 19 (2012) 346–354 351Figure 7: (a) Normal distribution of ei , and (b) probability plot, for∆ucy .Table 5: Correlation equations suggested for δ.
Model number Correlation equations R2 SSE/na AAE/n Standard deviation RAAE/n (%)
M-1 δ = f

∆ucy
σ ′c

= a− b

∆ucy
σ ′c
0.5 × ln ∆ucy
σ ′c

0.83 0.007 0.07 0.197 12.53
M-2 δ = a× Nb × εcc × σ ′dc 0.93 0.002 0.036 0.191 6.4
M-3 δ = a+ b× N + c × εc + d× wg + e× σ ′c 0.82 0.007 0.065 0.181 12.26
M-4 δ = a+ b× ∆ucy
σ ′c + c × wg 0.83 0.007 0.067 0.444 11.84
a n = number of data set, which is equal to 259.Table 6: Values of a, b, c and d parameters in equation of Model M-2.
Specimen type wg a b c d
T100 0 0.5786 −0.117 −0.160 0.0948
ST80 20 0.6034 −0.142 −0.171 0.0850
ST60 40 0.6337 −0.187 −0.309 0.0743
ST40 60 0.7370 −0.331 −0.390 −0.0300
and variables exists; δ, however, is moderately proportional to
∆ucy/σ ′c . Therefore, inspired by Matasovic and Vucetic [9], and
regression analyses, a number of simple relationships, as listed
in Table 5, are selected to predict the degradation index.
In the M-1 model, the values of a and b constants are
0.994 and 0.026, respectively. In the other equations, a, b, c, d
and e are constant parameters, which are functions of σ ′c
and wg . Comparative assessments of the models, according
to the described criteria in Section 3.2, revealed that the M-
2 model has the best fitness with the measured data. Values
of parameters used for residual analyses have been listed in
Table 5. Therefore, this equation, with a correlation coefficient
of 0.965, is suggested for predicting the degradation index. In
this equation, the coefficients of a, b, c and d depend on the
values ofwg as listed in Table 6.
Figure 8(a) compares the predicted and measured values of
δ for the suggested model. In addition, a similar plot has been
drawn for the linear equation (M-3 model) in Figure 8(b). The
scattering scheme presented in these figures indicates that, in
the suggested model, almost all data fall between ±20% error
lines.
The scatter plot of residuals for this model, as shown
in Figure 9, explains that almost all eis values fall between
(−2,+2) and randomly distribute about zero. Also, there is no
discernible pattern to the distribution of eis, and it does not
change in a systematic way with predicted δ.
Figure 10(a) and (b) show thenormal distribution of ei values
for the M-2 model and the normal probability plot of residuals
at the prediction of δ, respectively. These graphs, and given
data in Table 5, clearly verify that the model specification is
satisfactory.Figure 8: Predicted versus measured values of δ for (a) selected model, and
(b) linear model.
Figure 9: Scatter plots of δ suggested model.
5. Validation of suggested models
It is necessary to evaluate how the suggestedmodels predict
the values of dependent variables (i.e. ∆ucy and δ). For this
purpose, the measured and predicted values of ∆ucy and δ
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are compared for some of the tests. Figure 11 shows the
variations of cyclic loading-induced pore water pressure within
T100, ST80, ST60 and ST40 specimens, versus the number of
loading cycles for tests with σ ′c = 200 kPa at the εc values
of 0.50% and 1.0%. Similar graphs have been presented for δ
in Figure 12. The graphs indicate that the suggested models in
Eq. (2) and the M-2 model can reasonably predict the values
of ∆ucy and δ, respectively. Comparison of average error (%)
between experimental and predicted values displayed that the
maximum error in the prediction of ∆ucy and δ are 22.5% and
17.2%, respectively. This means that the δ model prediction
is comparatively accurate. This evaluation also indicates that
the predicted values of ∆ucy are closer to experimental onesin specimens comprising higher aggregate content. In contrast,
the model proposed for δ is much more precise in specimens
comprising lower aggregate content and pure clay. Bothmodels
can better predict experimental values when cyclic strain and
loading cycles are small.
Finally, it can be said that, for predicting the values of ∆ucy
and δ in practical uses, the general form of the correlations are
previously introduced equations. However, the coefficients of
these equations are functions of the granular material content,
the grain size, the plasticity index of the cohesive matrix,
and the test condition. Since the coefficients of proposed
correlations are based on limited data from strain-controlled
tests, the coefficients should be generalized using more results
obtained from laboratory tests.
6. Conclusions
To determine the characteristics of saturated soils, especially
when they are subjected to cyclic loading, conduction of dy-
namic testing is both time consuming and costly. Therefore,
it is useful and sometimes inevitable to use statistically based
regression equations. Two reliable correlations, based on re-
gression analysis, using test data obtained by Soltani-Jighh [6],
were proposed here to estimate excess porewater pressure due
to cyclic loading and, consequently, the degradation index, in
mixed clayey soils. These models use some parameters, such as(a) T100. (b) ST80.
(c) ST60. (d) ST40.
Figure 11: Variations of measured and predicted values of∆ucy versus N for σ ′c = 200 kPa.
H. Soltani-Jigheh et al. / Scientia Iranica, Transactions A: Civil Engineering 19 (2012) 346–354 353(a) T100. (b) ST80.
(c) ST60. (d) ST40.
Figure 12: Variations of measured and predicted values of δ versus N for σ ′c = 200 kPa.number of loading cycles, constant cyclic shear strain, granular
material content, and effective consolidation stress, which are
relatively simple to use, although they need some constant pa-
rameters.
Statistical indices and residual analyses of the models ex-
plain the suitability of the models. Also, comparison of the ex-
perimental and predicted values of∆ucy and δ (e.g. as presented
in Figures 11 and 12) illustrates that the suggested models can
reasonably predict these parameters. A comparison of maxi-
mum average error (%) between experimental and predicted
values displayed that the δ model prediction is comparatively
accurate. Also, this evaluation indicated that the predicted val-
ues of ∆ucy are more close to experimental ones in specimens
comprising higher aggregate content. In contrast, the model
proposed for δ is much more precise in specimens comprising
lower aggregate content and pure clay. Both models can better
predict measured values when the cyclic strain and loading cy-
cle are small.
As a final remark, it should be noted that the data sets
used in the present study is not complete and the pa-
rameters of the models determined by using these insuffi-
cient data. Hence, it is reasonable to expect that the ac-
curacy of the proposed relationships may benefit from the
evaluation of additional data. In other words, for rigorous
predictions of the coefficients of models to use in prac-
tice, they should be specified using a comprehensive data
set. In doing so, priority should be given to experiments onother soil mixtures, as well as under different initial loading
conditions.
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